If color appearance is to be a useful feature in identifying an object, then color appearance must remain roughly constant when the object is viewed in different contexts. People maintain approximate color constancy despite variation in the color of nearby objects and despite variation in the spectral power distribution of the ambient light. Land's retinex algorithm is a model of human color constancy. We analyze the retinex algorithm and discuss its general properties. We show that the algorithm is too sensitive to changes in the color of nearby objects to serve as an adequate model of human color constancy.
INTRODUCTION

Introduction to Color Constancy
If color appearance is to be a useful feature in identifying an object, then color appearance must remain roughly constant when the object is viewed in different contexts. People maintain object color appearance despite variation in the color of nearby objects and despite variation in the spectral power distribution of the ambient light. [1] [2] [3] [4] Historically, changes in the color appearance of an object caused by variation in the surface reflectance functions of surrounding objects have been called simultaneous contrast, whereas changes in color appearance caused by variation in the spectral power distribution of the ambient light have been called failures of color constancy. Both of these effects reduce the usefulness of color appearance as a feature for identifying objects. In our view, color constancy should be defined as the maintenance of color appearance despite variation in the color of nearby objects and despite variation in the spectral power distribution of the ambient light. Although human color vision does not maintain perfect color constancy, human performance is better than that of any currently available man-made systems.
The fundamental difficulty in designing a color constant system arises becase the light in the visual image confounds two factors: the spectral power distribution of the ambient light and the surface reflectance of the objects in the scene. The problem of separating these two factors cannot be solved for all possible viewing conditions. For example, if there is only a single unknown object in the image illuminated by an unknown light source, no algorithm can correctly determine the surface reflectance of the object. It follows that all color constant algorithms must use information obtained from light reflected from several different objects in the scene. We therefore think it natural to broaden the definition of color constancy to include preservation of appearance across variation in the surface reflectance of nearby objects.
A number of algorithms have been proposed for the purpose of modeling human color constancy or to achieve approximate color constancy. [3] [4] [5] [6] [7] Only the more recent algorithms 5 -7 make explicit the class of viewing contexts for which the algorithm will be color constant.
The retinex algorithm proposed by Land and McCann 4 and Land 8 is important because it was the first attempt at developing a computational model for human color constancy. There is widespread current interest in the retinex algorithm. 8 - 1 7 The experiments that lead to the development of the retinex algorithm and the algorithm itself have been widely discussed in the literature. 6 "1 8 - 23 In spite of this, the retinex algorithm is not generally well understood.
In this paper we quantitatively describe the problem of color constancy. We then describe Land's most recent retinex algorithm. 8 1 7 We present some simple results that describe the general behavior of the retinex algorithm. We extend our analysis by describing a computer simulation of the algorithm. The simulation demonstrates that the retinex algorithm is a poor model of human color constancy.
The dramatic failures of retinex as a model for human vision arise because the assignment of a color value to a surface is far too dependent on the composition of the other surfaces in the image. In Appendix A we discuss other versions of retinex, suggested by McCann and Houston" and Horn.
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Formulation of Color Constancy
The retinex algorithm has been proposed for and tested on only a limited class of viewing contexts. We will formulate the problem of color constancy with respect to this simplified model of the natural environment. The viewing context is illustrated in Fig. 1 . An observer looks at a flat twodimensional surface. The materials on the surface are matte, and they reflect the ambient light toward a normal color observer, who has three classes of photoreceptors. In our formulation we describe the values of all functions of wavelength by their values at a discrete number of sample wavelengths X,, for n = 1, N. In particular, we characterize the spectral power distribution of the ambient light by the function E(Xn) and the reflectance at a point x on the surface by the function Sx(Xn). The light arriving at the eye is called the color signal. It is equal to the product of the spectral power distribution of the ambient light and the surface reflectance function, Cx(Xn) = E(Xn)Sx(Xn). The color signal defines all the image information that is available at the eye to make judgments concerning the surface reflectance at different points on the surface.
The observer has three photoreceptor arrays that spatially sample the color signal. The response of the photoreceptors is computed from the color signal and the spectral sensitivity of the photopigment in the kth receptor class, Rk(&J):
This equation can be written as a matrix product of the form px = AETX (2) in which the nth entry of the column vector ax is the surface reflectance at Xn, Sx(Xn). The matrix AE is 3 X N, and its k, nth entry is E(Xn)Rk(Xn). The entries of the matrix depend only on the spectral power distribution of the ambient light (a physical variable) and the receptor spectral sensitivities (a fixed value). We emphasize the fact that the matrix depends only on the spectral power distribution of the ambient light by calling the matrix the lighting matrix. In this paper, we study the performance of the retinex algorithm for the simple case in which the intensity of the light is spatially uniform across the surfaces. This means that it is not necessary to discount spatial variation in the intensity of the ambient light. The problem of discounting SURFACES such spatial variation across a single scene is logically distinct from the problem of discounting variation in the spectral power distribution of the ambient light from one scene to another. We discuss this point more fully in Appendix A in connection with our analysis of Ref. 24 .
THE RETINEX ALGORITHM
There are several published variants of the retinex theory. 4 ' 8 ""1, 25 Here we consider the algorithm first described in Ref. 
The Lightness Computation
The algorithm estimates the spatial array of lightness values for a single receptor class by computing a series of paths. Each path is computed as follows. We select a starting pixel xl. We then randomly select a neighboring pixel x 2 . We calculate the difference of the logarithms of the sensor responses at the two positions. This value is added into an accumulator register for position x 2 such that A(x2) -A(x 2 ) + log(pX2) -log(pX1). (3) In addition, a counter register N(x2) for position x 2 is incremented to indicate that a path has crossed this position. At the start of the computation all accumulators and counters are initialized to 0.
The path calculation proceeds iteratively with the random selection of a neighbor of pixel x 2 . In general, the accumulator of position xi on this path is updated by
a path has crossed pixel x be N. If we denote the starting points for the paths passing through pixel x as xl, . .. , XN, then (4) and the corresponding counter register N(xi) is incremented. Note that the sensor response of the first element of the path plays a special role in the accumulation for that path calculation: It is used as a normalizing term at every point on the path. The path starting at xl need not pass through all the positions in the image, and it may pass through some positions more than once. The number of positions traversed by a path is a parameter Np, of the algorithm. (The subscript pl stands for path length.)
After the first path has been computed, the procedure is repeated for a new path that starts at another randomly chosen position. The number of paths in a complete calculation of the algorithm followed is also a parameter, Nnp.
(The subscript np stands for number of paths.)
After all paths have been completed, the lightness value for each pixel x is computed by simply dividing the accumulated values in A(x) by the contents of the corresponding counter register, N(x). The full retinex algorithm described in Ref. 8 includes an additional thresholding operation that occurs during the path calculation. The thresholding operation compares the sensor response at adjacent pixels along the path. If the value at pixel xi+, is sufficiently close to the sensor response at the previous pixel, xi, then the accumulator value at xi+, is updated by using the sensor response at xi. The intention of the thresholding operation is to "remove the effects of nonuniform illumination over the scene" (Ref. 8, p. 5165) . In this paper we will analyze retinex only for images with spatially uniform ambient light distributions. Thus the thresholding operation has no effect on any of our calculations, and we will not address this aspect of the algorithm (but see Ref. 23 ).
The Meaning of the Lightness Values
The purpose of the retinex algorithm is to compute lightness values that will be invariant under changes of viewing context, much as human performance is roughly invariant under similar changes. At each pixel x, the lightness triplet should depend only on the surface reflectance Sx(X,) and not on the spectral power distribution of the ambient light or the surface reflectance functions of the other papers comprising the Mondrian. In the following sections we investigate both the extent to which the lightness values are color constant and whether the retinex algorithm in fact models human vision.
ANALYSIS OF THE RETINEX ALGORITHM
The retinex algorithm is stochastic, as both the starting pixels of the paths and the path routes are chosen randomly. To understand the retinex algorithm, we examine its convergence properties.
Consider the kth receptor class. The lightness value 1kX
for pixel x is the average of the contributions to A(x) from the paths that passed through pixel x. Each time a path passes through pixel x, A(x) is incremented by the log of the ratio of the receptor response at x to the receptor response at the starting pixel of the path. Let the total number of times
where may depend on the spatial position of pixel x. If the number of paths Nnp is small, the random variable OSk(X) will have large variance, as will the computed lightness values. This is an undesirable property since for a small number of paths the algorithm will not return stable color estimates when run repeatedly using a fixed input. As the number of paths grows large, Ok(X) will converge to a limiting value, Gk(x), and hence the lightness values will be stable. Therefore we may supress the parameter N,,p and examine the properties of the algorithm under the assumption that Nnp is large enough so that the lightness values may be computed by their value in the limit as Nnp grows without bound.
The number of times that a path starting at any pixel xi crosses pixel x is a random variable, as is the total number of paths N that cross pixel x. Denote the expected number of crossings of pixel x by a path starting at location xi by
E(xlxi).
If the path starting points are selected with equal probability among all pixels, then, as Nnp tends to infinity, the value of 0&(x) is given by the equation
EN)all pixels (6) where E(N) is the expected number of crossings through pixel x, E(N) = 2all pixels E(xlxi). In this case, we can compute the lightness values as
where Gk(x) is given by Eq. (6). Now we must address the question of how to compute the values of the E(xlxi) as a function of the parameter Npl. The authors of the retinex algorithm have not provided a precise description of the statistical properties of the path-generation process. 2 6 We have chosen to model the path-generation process by using a Markov process. On each step the path is equally likely to move from its current position to any of the immediately adjacent pixels. There are eight adjacent pixels for points in the center of the image, five adjacent pixels for points at the edge, and three adjacent pixels at the corners. The choice of a Markov process simplifies the analysis of the dependence of the algorithm's behavior on the path length. This choice seems consistent with the intention of the authors, though different in detail. 27 When the Markov path-generation procedure is used, the probability that the path is at pixel x on on step n + 1 depends only on the path location on step n. We can calculate the probability, P(n = xli = xi), that a path will be at pixel x on the nth step, given that the path started at pixel xi. For a given path length Npl, the number of times that we expect a path starting at xi to pass through pixel x is given by Np, possible to compute the lightness values for any set of lights and surfaces. In this section we discuss the performance of the retinex algorithm for light spectral power distributions and surface reflectance functions that are frequently encountered in the natural environment.
As we have emphasized in our definition of color constancy, there are two ways in which an algorithm can fail. It can fail to return color constant descriptors when the spectral power distribution of the ambient light is varied and it can fail to be color constant when the composition of the surfaces in the Mondrian is varied. We discuss the retinex algorithm's performance with respect to both of these types of image variation.
Dependence of Color Value on Ambient Light
McCann et al. 2 5 have investigated the performance of an earlier version of retinex algorithm when only the spectral power distribution of the ambient light is varied. They used the mixture of three narrow-bandwidth lights as the illuminant in their experiments. Their results indicate that, although the lightness values are not perfectly constant across illuminations, the failures of the algorithm are not dramatic and are of the same order of magnitude as human failures. We have extended their simulations to include broadband illuminants using the Land 8 algorithm. The results of our simulations, not presented here, are consistent with the conclusions drawn by McCann et al. 2 5 The computed lightness values remained roughly constant as the illuminant was varied.
When the composition of the Mondrian is held constant and when the path length is sufficiently long, the retinex algorithm acts by scaling the separate receptor classes. This method of color correction is similar to one widely used in industry. A gray-card reference surface is inserted into the scene, and each receptor class is scaled by its response to the gray card. We pursue this point in more detail in the section headed Discussion.
Dependence of Color Values on Surface Composition
The dependence of the lightness values computed by the retinex algorithm under changes of the composition of the Mondrian has not been addressed in the literature. In order to explore the performance of the retinex algorithm when the composition of the Mondrian is varied, we simulated the algorithm by using a number of different Mondrians.
Simulation Framework
The input to the simulation of retinex is a list of receptor responses for each pixel. We calculated the receptor re- 
ed the lightness triplet in the new viewing context by using EQ. (8):
ues that depend only on the surface reflectance spectra. This range of predicted color values is typical of all the test chips and is not characteristic of human performance. Although human color vision does exhibit simultaneous contrast effects, these effects are small compared with the magnitude of color shift predicted by the retinex algorithm. We conclude that the retinex algorithm does not correctly predict color appearance when the composition of the Mondrian is varied.
DISCUSSION
The goal of an ideal color constancy algorithm is to use the information in the receptor responses to compute color valexpresses the relation between the surface reflectance ax and the responses px. To recover ax, we multiply the response vector px by the pseudoinverse of AE 6 
The matrix AE-1 describes the proper correction for the spectral power distribution of the ambient light. The entries of AE-1 are independent of the surfaces in the image.
The retinex algorithm always attempts to correct for the illuminant by an equation of the form
where rx is a diagonal matrix. The entries of rx depend on the spectral power distribution of the ambient light, the position x in the image, and the other surfaces in the image.
As the path length increases, the algorithm converges toward using a single matrix r, for all positions x, whose kth diagonal entry approaches 1/Gk. Recall that the value Gk is the geometric mean of the receptor responses for the kth receptor class.
The simulation results show that, in the case of long path length, the dependence on the surfaces in the image is too strong. The predicted color values of the retinex algorithm vary too widely with changes in the composition of the Mondrian to serve as an adequate model of human color vision.
For shorter path lengths, the lightness triplet calculated for a pixel x depends on the location of the pixel. In this case, the diagonal entries of the matrix rx are a weighted geometric mean of the responses near location x. While reducing the path length will change the set of points responsible for the overdependence of predicted color names on the surfaces in the Mondrian, the qualitative effect will not change. Rather, the same dependence on changes of surfaces as was exhibited in the long-path-length case will be replayed repeatedly across the image on a local scale. We have not discovered a choice of path length that allows the retinex algorithm to predict color names that are color constant.
Another way to understand the retinex algorithm is to compare it with the following simple color correction procedure. To perform a color correction, we place a reference surface in the image. We divide each of the responses of the kth receptor class by the vesponse of the kth receptor class to the reference surface. (The normalized receptor responses parallel the retinex algorithm's lightness triplets.) This method is currently used in industry for correcting the color output of video camiieras; Brill and West 2 l (see also Ref. 18) have analyzed this method of color correction. They show that the method performs correctly only for a severely limited class of surface reflectance functions and spectral power distributions of the ambient light. When a reference surface is available, the algorithm presented by Buchsbaum 6 will properly correct for chapges in the illuminant for a much broader class of surface reflectance functions and spectral power distributions of the ambient light. The retinex algorithm is equivalent to normalization with respect to an effective reference surface. Indeed, the reflectance function arx for this surface can be found simply:
where y is the column vector consisting of the Gk. The effective reference surface used by the retinex varies both with the illuminant and with the surfaces in the scene. We have calculated how the effective reference surface depends on both the spectral power distribution of the ambient light and the surfaces in the scene. The effective reference surface is almost constant under changes of illuminant. Figure   4 shows the effective reference surface for the standard, blue, green, yellow, and purple Mondrians under D 65 . The effective reference surface is markedly different for Mondrians containing different surfaces. The difficulty with the retinex algorithm is that it normalizes to different reference surfaces for different scenes. It is as if, rather than using a standard gray card for color balancing as is done in industry, we were to use a different reference card for every scene. It is not surprising that the retinex algorithm fails to be color constant with changes in scene composition.
Finally, we note that it is possible to perform an empirical test of the retinex algorithm as a model of human performance without specifying the detailed algorithm parameters. To do this, begin with an arbitrary first image. Calculate the three photoreceptor response arrays for this image. Construct a second image so that its red photoreceptor array is a scaled version of the red photoreceptor array of the first image, so that its green photoreceptor array is a scaled version of the green photoreceptor array of the first image, and so that its blue photoreceptor array is a scaled version of the blue photoreceptor array of the first image. No matter how the paths are constructed, the retinex algorithm will assign identical lightness values to these two images. This is because, within each receptor class, the algorithm's normalization will discount the scale factors that distinguish the two. Thus the retinex algorithm predicts that the two images will have identical color appearance. We are unaware of any empirical tests of this prediction.
CONCLUSION
Historically, work on color constancy has emphasized the need to correct for the spectral power distribution of the ambient light. This emphasis has made it easy to forget that the information reflected from a single surface is insufficient to separate ambient light and surface reflectance and that color constancy algorithms require information from multiple surfaces. It is important to evaluate the performance of such algorithms when the surfaces that comprise the scene are varied. Human vision maintains approximate color constancy despite variation in the spectral reflectance functions of nearby surfaces and despite variation in the spectral power distribution of the ambient light. The complex set of calculations that define the retinex algorithm is equivalent to a simple normalization. This normalization is not color constant: A color constant algorithm must correct for the ambient light independent of the surfaces in the scene. The retinex algorithm corrects for the light in a manner that depends strongly on the surfaces. This dependence is not characteristic of human color vision. We conclude that retinex is not a color constant algorithm and that it is not an adequate model of human performance.
APPENDIX A: RELATED IMPLEMENTATIONS OF THE RETINEX ALGORITHM Introduction
In this appendix we review two additional methods proposed for calculating the lightness values for an image. The first Houston compute the value of exp(lkx) rather than lkx itself.
In this appendix we use the notation lkX to refer to the quantity calculated by their procedure rather than to the lightness, as defined by Land. 8 Whether the lightness is expressed in linear or logarithmic units has no bearing on the conclusions of this paper.
The computation is defined by a simple algorithm. For a given receptor class, the algorithm is initialized by setting the lightness value at all locations to 1. The algorithm determines the lightness at location x by using an interactive comparison procedure. The lightness at location x is compared with the lightness at a sequence of comparison locations, cn. Since we wish to study the convergence properties of the algorithm, we assume that the comparison list is infinitely long and that all locations are repeatedly compared with location x. The lightness at all locations is computed concurrently. The lightness value at x is given by the following recursive equation, which defines the lightness after n + 1 iterations in terms of the lightness after n iterations:
where f* [ ] is a reset function defined by f* (a) = a for a < 1 and f* [a] = 1 otherwise. In the limit, as the algorithm continues through many iterations, the lightness at pixel x is given by
This limit will converge only if
Further, since we are assuming that limnlx(n) = Ix, it follows that convergence occurs if and only if
To understand the convergence of the lightness Ix in general, we begin by analyzing the lightness at the location at which the receptor response is smallest, xA. For location x,, it must be that (px,/p,,) < 1. Moreover, it may be seen from Eq. (Al)
that the lightness at any location is always bounded above by 1. This is because the lightness value is initialized to 1, and at each step in the iteration the lightness is multiplied by a value that is less than or equal to 1. It follows that the location with the smallest sensor response will never encounter a reset operation during the calculation of its lightness value because the argument to the reset function is always less than 1. In studying the convergence of the lightness at xs, we may remove the reset function so that we have IX= PX,).
Since Ix, is bounded by 1, it follows that lxs < (pxs/px1).
this inequality in Eq. (A6), we conclude that Change of Context Simulation Results the receptor class. This parallels the computation by Land. 8 Land's calculation is equivalent to normalization with respect to the geometric mean of receptor responses for the receptor class, whereas the retinex with reset calculation is equivalent to normalization with respect to the response at the largest location. Retinex with reset will also be sensitive to changes in the viewing context; in particular, it will be sensitive to any change in the reflectance function of the surface causing the largest receptor response.
We simulated the performance of the McCann-Houston algorithm in the limiting case that the lightness values are given by ekx _ exp(lkx) = Ph(A2 Figure 5 shows the four Mondrians that we used in this simulation. These 3 X 3 Mondrians differ only in the composition of the lowest row: Their upper two rows are identical. We will refer to these four Mondrians as the red, blue, gray, and gray-red Mondrians, respectively. We chose these Mondrians because the variation in the composition of the lower row significantly alters the largest receptor responses when they are illuminated by D 65 . Figure 6 shows the lightness triplets and corresponding predicted color values for two of the test chips, as computed for each of the Mondrians.
For the retinex algorithm with reset, the predicted color values also change dramatically with small changes in the Mondrian. We conclude that the reset operation does not significantly reduce the retinex algorithm's overdependence on the composition of the Mondrian. On the contrary, the 
